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Abstract
This paper documents the application of Bayesian modelling technique for road traffic crash analysis on a sample
of Indian National Highways. The study aims to identify the most critical safety influencing variables of a section
of four-lane National Highway-58 through statistical models that predict frequency of accident count accurately
for the provided highway safety influencing variables. The Highway traverses mainly through a plain terrain of 
mostly agricultural and Industrial areas. Most of the Highway study segment falls in rural areas (approximately
85%). The study has been done for newly constructed Four-Lane road between Km.75.00 to Km.130.00 to
identify all safety deficiencies responsible for road accidents. Explanatory variables were Geometric
Characteristics like Median Opening (MedOpn), Access Roads to main highway (AcsRds) and Traffic
Characteristics like Average Daily Traffic (ADT) and road-side developments like Industrial (Ind), Commercial
(Com), Residential (Resi) and School (School) were analyzed against dependent variable as crash count per two
hundred meter per year.
The results show promise towards the goal of obtaining more accurate estimates by accounting for correlations in
the crash counts and over-dispersion.  The results of this study show that Poisson Weibull model predicts the
crashes with better accuracy. Traffic volume, Access Roads, Median opening and presence of Schools
emphasized on increase in the probability of occurrence of crashes. This safety study can be useful to develop
traffic safety control policies.
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1. Introduction and Literature Survey 
Crash prediction models are one of the most important techniques in investigating the relationship between 
crash occurrence and risk factors associated with various traffic entities. These risk factors are assumed to 
provide information on the behaviour of crash occurrence, which is commonly measured by crash frequency with 
various degrees of crash severity. Appropriate probabilistic forms and statistically significant factors are 
identified based on the examination of crash occurrence mechanism and model fitting performance to the 
historical crash data. As a result, the safety variability associated with traffic entities is modelled by risk factors 
identified and noise/error terms used to account for hidden or unobserved safety-related features. So better the 
capture of these errors, better will the model performance and consequently better the safety estimation and 
prediction. Hence, apart from exploring risk factors, to address modelling errors is a major challenge for safety 
modellers. Unfortunately in current road safety research effort is significantly insufficient towards a better 
understanding of these errors.  
There has been a significant amount of research conducted on the safety performance of rural highways. 
Most of this research has been concentrated on rural two-lane highways (Vogt and Bared, 1998; Harwood et al., 
2000; Qin et al., 2004). This focus is not surprising given the fact that the rural network is composed mainly of 
two-lane highways. Consequently, there has been very little research conducted on the safety performance of 
multilane highways in rural areas. 
There have been few studies that examined the safety performance of multilane rural highways in North 
America. Persaud (1991) investigated the safety performance of rural and urban multilane highway segments in 
Ontario, Canada. To accomplish this task, Persaud developed several statistical models and used the Empirical 
Bayes (EB) method to refine (or improve) the estimated long-term safety performance of these facilities. He 
found that statistical models predicted more collisions for rural multilane highways than urban segments for the 
same level of exposure and number of lanes. As expected, divided rural segments performed better than 
undivided segments. 
In Australia, McLean (1996) evaluated the safety performance of cross-section design elements of 
multilane rural highways. He found that shoulder widths and roadside design influenced the safety of multilane 
highway facilities. Prinsloo and Goudanas (2003) produced descriptive models for determining the safety effects 
of cross-section design elements for four-lane rural highways. Roadway curvature, the presence of a median, and 
shoulder widths influenced the safety performance of rural highways. Turner et al. (2003) developed several 
statistical models predicting the safety performance of multilane rural highways by crash type in New Zealand. 
The proposed models were developed as part of a safety management system that will eventually be implemented 
by various transportation authorities in New Zealand. 
Persaud and Bahar (2000) investigated the use of statistical models for screening high- risk sections of 
rural highways in Ontario, Canada. They developed a Potential for Safety Improvement Index (PSI) for 
identifying these sites. Several statistical models were produced, including models for rural divided and 
undivided four+-lane highways. Similar to the study conducted by Persaud (1991), the models predicted more 
crashes for undivided than divided rural multilane highways. 
In a study conducted in Italy, Caliendo et al. (2007) developed a series of statistical models to estimate the 
effects of geometric design features on the safety performance of multilane rural highways; tangents and curves 
were modelled separately. Three model types were estimated: the Poisson model, the NB model, and the NB 
multinomial, which is a model where the dispersion parameter is modelled as a function of the segment length. 
2. Modeling Methodology 
This section describes the approach used for developing the statistical model. The modeling objective 
consists of estimating the crash frequency of motor vehicle crashes for each transportation element. The units for 
these models were in number of crashes per year per segment of road section. 
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2.1. Poisson  Weibull (PW) Model 
The PW distribution is a mixture of Poisson and Weibull distribution, as the name implies. Similar to most 
Poisson-based distributions (e.g., Poisson-gamma, Poisson-lognormal, etc.), the PW model is also designed to 
accommodate the over-dispersion (Raghavachari et al.,1997; Lord et al., 2005; Maher et al., 2009). First, the 
Poisson and Weibull distributions need to be defined, respectively. Crash data can be characterized as the product 
of Bernoulli trials with unequal probability of events (also known as Poisson trials). As the number of trials 
increases the distribution may approximately follow a Poisson process and the amount of dispersion is governed 
by the characteristics of this process. Thus, the number of crashes at ith entity Yi is assumed to be Poisson 
distributed with mean and independent over all entities:  
 
The Poisson mean  is structured as:  
              (2) 
And,  
              (3) 
where are  the independent variables; represents the total number of independent variables;  are the 
regression coefficients; and  is the model error independent of all covariates.  
For the PW model, it is assumed that is independent and Weibull distributed. This is used for capturing the 
extra variation that the traditional Poisson cannot fully handle. The Weibull probability density function (p.d.f) is 
given as follows:  
0,0,0     exp)(
1
kxxxkxf
kk
         (4) 
Where  and k are scale and shape parameters, respectively. The p.d.f. of the Weibull distribution has a wide 
variety of shapes depending on the k  values and the shape can be similar to that of the gamma, gamma-like, 
exponential or approximate normal distributions. This characteristic gives the model a lot of flexibility to fit 
different kinds of data.  
 The mean and variance of the Weibull distribution are:  
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Given the statistical characteristics of Poisson and Weibull distributions, the PW distribution is defined as the 
mixture of those two distributions such that:  
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The mean or expected value of the PW distribution is given as:  
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and the variance is given by: 
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2.2.  Poisson- lognormal (PLN) Model 
Poisson  lognormal  models  have  been  used  recently  in highway  safety  since  the  marginal  distribution  of  
this  model  does not  have  a  closed  form  like  the  Poisson  gamma  model;  therefore, they  are  typically  
implemented  using  the  Bayesian approach.  Some recent applications of these models in highway safety are:  
Miranda Moreno et al.  (2005),  Aguero-Valverde  and  Jovanis  (2006),  Ma  et  al. (2007),  and  Park  and  Lord  
(2007).  For  this  model  the  Poisson  rate is  modeled  using  a  log-normal  distribution: 
             (6) 
where the random effect  has a normal prior: 
 
and   controls  the  extra-Poisson  variation  and  has  a  hyper-prior gamma  (0.001,  0.001).  
2.3. Goodness of Fit Statistics 
Likelihood Statistics 
There are many measures that can be used for estimating how well the model fits the data. There are statistics 
for indicating the likelihood level of a model, that is, how well the model maximizes the likelihood function. 
Among these statistics are: 
2.3.1. Pearson Chi-Square 
Another useful likelihood statistic is the Pearson Chi-square and is defined as 
             (7) 
2.3.2. Bayesian model selection - Deviance Information Criterion (DIC)  
The DIC (Congdon, P. 2006) set in WinBUGS was used as the criterion for comparing the different Bayesian 
hierarchical models, since the DIC includes a penalty for the complexity of the model. The DIC for the jth model 
is given by: 
            (8) 
where = the deviance D  at the posterior mean  of the parameters for model j, called Dhat in 
WinBUGS, = the expected devaiance , given by the mean  of the sampled deviances D(t) from 
Markov Chain Monte Carlo simulations, also called Dbar in WinBUGS, and pDj = the effective number of 
parameters of the model, computed as the difference between  and , namely, pDj =  - . 
In comparing two models, a difference of more than 10 in the value of the DIC might rule out the model with 
the higher DIC (Spiegelhalter et al., 2003). Where the difference is less than 10, the models are competitive. 
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2.4. Model Error Estimates 
There are statistics for estimating how well the model fit the data and the converse, how much error was in the 
model. Two error statistics are particularly useful. 
2.4.1. Mean Absolute Deviation (MAD)  
This criterion has been proposed by Oh et al. (Oh et al., 2003) to evaluate the fit of models. The Mean  
Absolute Deviance (MAD) calculates the absolute difference between the estimated and observed values. 
              (9) 
The model closer to zero value is considered to be best among all the available models. 
2.4.2. Mean Squared Prediction Error (MSPE)  
The Mean Squared Prediction Error (MSPE) is a traditional indicator of error and calculates the difference 
between the estimated and observed values squared. A value closer to 1 means the model fits the data better. 
            (10) 
3. Data Collection  
3.1. Description of Study Area 
The National Highway-58 originates from national capital New Delhi and goes up to Mana, near China 
boarder in Uttrakhand state. It serves as a life line to the hilly part of the state. The road is strategically important 
as being the shortest route from Delhi to international China boarder. The highway has length of 536 Km of 
which 230 Km length in plain and rest in the hilly terrain. The highway connects important religious destinations 
which attracting tourist from all over the country and world throughout the year. The highway has two-lane and 
four-lane stretches. Traffics on the highway are mixed in nature and comprises of heavy and light vehicles. This 
road stretch is best suited to conduct post opening road safety study for divided four-lane National Highway. The 
main settlements along the NH are Siwaya, Daurala, Sakauti, Jarouda, Khatauli, Bhainsi, Mansurpur, Bengrajpur, 
Janshath Bypass, Bhopa, and Sisauna. Earlier the road was passed through three major cities Meerut, Khatauli 
and Muzaffarnagar but these settlements are now bypassed during reconstruction. Maximum access roads have 
level difference. Route map of study section of National Highway-58 is shown in Figure 1. 
3.2. Site Selection  
The stretch from Km 75.00 to Km 130.00 of National Highway 58 had been selected for candidate 
analysis. The selected highway stretch has been newly reconstructed and upgraded to four lanes. The Highway 
traverses mainly through a plain terrain of mostly agricultural and Industrial areas. Most of the Highway study 
segment falls in rural areas (approximately 85%). The major urban areas falling in the selected study stretch are 
Meerut, Khatauli and Muzaffarnagar. The road stretch traverses through a flat and rolling terrain of mostly 
agricultural and urban settlement land. This national highway is maintained and operated by National Highway 
Authority of India (NHAI).  
3.2.1. Details of Road Geometrics 
Main Carriageway is 7.00m wide with 1.50m paved and 2.00m earthen shoulder on either side of the 
roadway. Table 1 shows the road infrastructure details for the study area.  
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Fig. 1. Map Showing Study Area of National Highway - 58.
Table 1. Road Infrastructures Details
Highway Features Description/ Quantity
Major Junctions 07 numbers
Major Bridges 02 numbers (Over Major Ganga Canal & Khatauli Escape Canal)
Minor Bridges 03 numbers at Km. 109.260, 115.250 & 117.700.
R O B 02 numbers at Km. 87.583 & 114.289.
Underpasses 05 numbers at Km 78.815, 87.400, 102.896, 118.550 & 122.175.
Culverts 186 numbers
Truck lay byes 02 numbers
Bus lay bays 07 numbers
Toll Plaza 1 number at Km.75.990
4. Model Development
This section describes the approach used for developing the statistical model. The modeling objective consists
of estimating the crash frequency of motor vehicle crashes for each transportation element. The units for these
models were in number of crashes per year per segment of road section.
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4.1. Data Analysis 
4.1.1.  Data Description 
Accident records for two years, 913 and 1268 crashes in 2011 and 2012 respectively were collected from 
Western Uttar Pradesh Toll-Way Limited and police stations. Crash count (CC) per two hundred meter per year 
was taken as dependent variable in the prediction models. Study area comprised a total of 19 intersections  8 
Four-legged and 11 Three-legged intersections. The traffic data was collected manually by conducting twenty-
four hour Classified Traffic Volume Count survey at Km 89, near Dadri village. Then Video-graphic Classified 
Traffic Volume data was collected at each of the major intersections during Morning and Evening Peak two 
hours. The ADT for 2011 was 20050 and AADT for year 2012 is 23616 in PCU. 
Here we have considered crashes occurring on the highway segments only for the analysis. Crashes occurring 
within a circle of 76 meters (250 feet) (Lord et al., 2008a) were considered as intersection crash and were 
excluded from the analysis data. Hence there were thirty segments which were further divided into two hundred 
meter stretches. Traffic volume data was collected at each of the intersections and the main highway data was 
extracted for modeling. 
The safety parameters included for safety study were Geometric Characteristics like Median Type (MedTyp), 
Median Opening (MedOpn), Access Roads to main highway (AcsRds), Road Markings (RdMrkgs) and Traffic 
Characteristics like Average Daily Traffic (ADT) and road-side developments like Industrial (Ind), Commercial 
(Com), Residential (Resi) and School (School). 
For convenient calculations natural log of ADT was considered in analysis. Median openings were coded as 
per number of opening per two hundred meter stretch like code1 for one opening, code2 for two openings and 
code0 for no opening. 
4.1.2. Analysis of Results 
We have used the following generalized model functional form in both hierarchical Bayesian analyses: 
iii = exp (B0 + B2*(Ln [ADTi]) + B3*MedOpni + B4*AcsRdsi + b5*Indi + b6*Comi + B7*Resi + 
B8*Schooli i             (11) 
Parameters like Median Type (MedTyp) and Road Markings (RdMrkgs) showed less correlation to dependent 
variable Crash Count and were more inter correlated, leading to the omission of these insignificant variables in 
the modeling. 
The parameter estimation and inference can be obtained by using Markov Chain Monte Carlo (MCMC) and 
software such as WinBUGS. Since the Bayesian formulation requires priors for all unknown parameters, non-
gamma priors for error terms. A total of three Markov chains were used in 
the coefficient estimation process. The Gelman-Rubin (G-R) convergence statistic is generally used to verify that 
the simulation runs converged properly. For model comparison, it was suggested that convergence was achieved 
when the G-R statistic was less than 1.3 (Mitra, S. 2007). The first half of iterations (60,000) was used as burn-in 
samples and was discarded. Thus, the remaining half of the iterations was used for estimating the coefficients. 
Table 2 gives the statistical summary of the variables selected to build the final models. The results in Table 2 
revealed that for any subset of the independent variables, the crash count exhibits overdispersion. As the nature of 
the data collected were overerdispersed, Poisson-Weibull and Poisson-Lognormal Bayesian models were 
appropriate models to analyze the data. Poisson-Weibull and Poisson-Lognormal Bayesian models output are 
summarized in Table 3. Models justified that as Traffic volume increases, chances of a crash is highly expected. 
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Median openings on the highway facilitate turning and crossing movements which is also leading to increase in 
the probability of crash occurrence. 
Direct access roads to the highway indulge in merging and diverging of traffic which also enhances the 
probability of crash count. Road side developments like Industries also effect the traffic movement on highway 
leading to crashes. But PLN model shows inverse effect of Industrial development of crash probability. 
Commercial facilities show negative effect as most of the access are design consistent. Crash probability is more 
near to schools from both the models and it is practically noticed by the authors, as the entry/exit roads needs 
redesign and there is lack of lateral clearance between a school and carriageway. 
From goodness of fit measures Pearson chi-square (PW = 833.85, PLN = 1996.26) and critical value is 
1074.68 for degree of freedom 1095 at 95% confidence, MAD (PW = 1.04, PLN = 1.72) and MSPE (PW = 1.31, 
PLN = 5.66) values suggested the superiority of model fit by hierarchical Poisson- Weibull model on Poisson- 
Lognormal technique.  
Table 2. Statistical Summary of the Model Parameters 
 CrashCount LnADT AcsRds MedOpn Ind Com Resi School Offset(mts) 
(Sample Size) 1103 1103 1103 1103 1103 1103 1103 1103 1103 
Mean 1.936 9.846 0.050 0.029 0.112 0.560 0.334 0.007 189.422 
Variance 5.99 0.079 0.063 0.028 0.350 5.147 3.812 0.007 1272.373 
Std. Deviation 2.448 0.28170 0.250 0.168 0.592 2.269 1.953 0.085 35.670 
Minimum 0.00 9.22 0.00 0.00 0.00 0.00 0.00 0.00 12.00 
Maximum 17.00 10.46 2.00 1.00 7.00 28.00 27.00 1.00 200.00 
Average Daily Traffic (ADT), Access Roads (AcsRds), Median Opening (MedOpn), Industrial (Ind), Commercial (Com), 
Residential (Resi) and School (School). 
 
Figure 2 reveals the observed Crash Count versus estimated values from each of these models. By graph it is 
easy to justify the superiority of the PW modeling technique as PLN model miss-predicts the values and is highly 
scattered as compared to PW prediction. 
5. CONCLUSIONS 
This paper presents two approaches which were scarcely used to analyze road traffic crashes on National 
Highways in India. As the obtained data was overdispersed, Poison-Weibull and Poison- Lognormal modelling 
techniques were used for the analysis of the data. Most common techniques like Negative Binomial and Poisson 
Regression GLM can be further developed for comparison of the models. The results can further be implemented 
to develop crash modification factors and to justify them. 
After careful application and assessment of statistical model, accompanied by detailed examination of the 
road crash model, the following conclusions are drawn. 
 The traffic flow is also showing direct impact on occurrence of crashes as justified practically. 
 Median opening has major influence in the occurrence of crashes. 
 From the analysis, it has been observed that as access roads to the main highway increases the chances of 
crashes on highways will be more which is as per realistic experience. 
 Road side developments also increase the movement and hinder the smooth traffic movement which is also 
justified. Whereas the commercial activities is showing negative impact as there is enough lateral clearance 
990   C. Naveen Kumar et al. /  Procedia - Social and Behavioral Sciences  104 ( 2013 )  982 – 991 
from the highway shoulder for ingress and egress of the vehicles. Schools are very closer to highway and
needs redesign of the access roads and to improve lateral clearance in front of schools.
The results of this study lead to support the superior data fit by Poisson- Weibull Bayes model. There are 
scarce safety studies adopting this technique for crash analysis on Indian Highways.
Examination of the modelling results suggests that explanatory variables like traffic volume, access roads,
median openings and road side developments led to the occurrence of crash.
Table 3. Bayesian Estimate for Crash Prediction Models
Poisson Weibull Model Poisson Lognormal Model
Node Mean SD MC Error Mean SD MC Error
Intercept (B0) -14.9 11.37 0.499 -1.29 0.716 0.031
1.951 1.325 0.058 0.358 0.073 0.003
MedOpn (B3) 9.424 7.155 0.272 1.147 0.193 0.004
AcsRds (B4) 3.844 2.644 0.093 0.521 0.147 0.003
Ind (B5) 0.320 0.581 0.012 -0.018 0.072 0.001
Com (B6) -0.304 0.251 0.007 -0.005 0.019 3.68E-04
Resi (B7) 0.221 0.285 0.007 0.019 0.018 2.94E-04
School (B9) 21.29 18.89 0.681 1.054 0.395 0.009
v(PW)/Tau(PLN) 0.878 0.061 0.002 1.161 0.108 0.001
lambda 7.53 3.048 0.128 - - -
Pearson Chi
Square 833.848 1996.257
MAD 1.044 1.720
MSPE 1.309 5.666
DIC 3540.35 3654.69
Average Daily Traffic (ADT), Access Roads (AcsRds), Median Opening (MedOpn), Industrial (Ind), Commercial (Com), Residential
(Resi) and School (School).
Fig. 2. Predicted Values vs. Observed Values for PLN and PW Model.
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